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Preface
The annual Text, Speech and Dialog Conference (TSD), which originated in 1998, is in
the middle of its second decade. So far more than 1,000 authors from 45 countries have
contributed to the proceedings. TSD constitutes a recognized platform for the presenta-
tion and discussion of state-of-the-art technology and recent achievements in the field
of natural language processing. It has become an interdisciplinary forum, interweav-
ing the themes of speech technology and language processing. The conference attracts
researchers not only from Central and Eastern Europe but also from other parts of the
world. Indeed, one of its goals has always been to bring together NLP researchers with
different interests from different parts of the world and to promote their mutual cooper-
ation.
One of the ambitions of the conference is, as its title says, not only to deal with
dialog systems as such, but also to contribute to improving dialog between researchers
in the two areas of NLP, i.e., between text and speech people. In our view, the TSD
Conference was successful in this respect in 2014 again.
This volume contains the proceedings of the 17th TSD Conference, held in Brno,
Czech Republic, in September 2014. In the review process, 70 papers were accepted
out of 143 submitted, an acceptance rate of 49%.
We would like to thank all the authors for the efforts they put into their submissions
and the members of the Program Committee and reviewers who did a wonderful job
in helping us to select the most appropriate papers. We are also grateful to the invited
speakers for their contributions. Their talks provided insight into important current is-
sues, applications, and techniques related to the conference topics.
Special thanks are due to the members of the Local Organizing Committee for their
tireless effort in organizing the conference.
The TEXpertise of Petr Sojka resulted in the production of the volume that you are
holding in your hands.
We hope that the readers will benefit from the results of this event and disseminate
the ideas of the TSD Conference all over the world. Enjoy the proceedings!
July 2014 Alesˇ Hora´k
Ivan Kopecˇek
Karel Pala
Petr Sojka
Organization
TSD 2014 was organized by the Faculty of Informatics, Masaryk University, in cooper-
ation with the Faculty of Applied Sciences, University of West Bohemia in Plzenˇ. The
conference webpage is located at http://www.tsdconference.org
Program Committee
No¨th, Elmar, Germany, General Chair
Agirre, Eneko, Spain
Baudoin, Genevie`ve, France
Cook, Paul, Australia
ˇCernocky´, Jan, Czech Republic
Dobrisˇek, Simon, Slovenia
Evgrafova, Karina, Russia
Fiser, Darja, Slovenia
Garabı´k, Radovan, Slovakia
Gelbukh, Alexander, Mexico
Guthrie, Louise, UK
Hajicˇ, Jan, Czech Republic
Hajicˇova´, Eva, Czech Republic
Haralambous, Yannis, France
Hermansky, Hynek, USA
Hitzenberger, Ludwig, Germany
Hlava´cˇova´, Jaroslava, Czech Republic
Hora´k, Alesˇ, Czech Republic
Hovy, Eduard, USA
Khokhlova, Maria, Russia
Kocharov, Daniil, Russia
Kopecˇek, Ivan, Czech Republic
Kordoni, Valia, Germany
Krauwer, Steven, The Netherlands
Kunzmann, Siegfried, Germany
Loukachevitch, Natalija, Russia
Matousˇek, Va´clav, Czech Republic
McCarthy, Diana, UK
Mihelic´, France, Slovenia
Ney, Hermann, Germany
Oliva, Karel, Czech Republic
Pala, Karel, Czech Republic
Pavesic´, Nikola, Slovenia
Pianesi, Fabio, Italy
Piasecki, Maciej, Poland
Przepiorkowski, Adam, Poland
Psutka, Josef, Czech Republic
Pustejovsky, James, USA
Rigau, German, Spain
Rothkrantz, Leon, The Netherlands
Rumshinsky, Anna, USA
Rusko, Milan, Slovakia
Sazhok, Mykola, Ukraine
Skrelin, Pavel, Russia
Smrzˇ, Pavel, Czech Republic
Sojka, Petr, Czech Republic
Steidl, Stefan, Germany
Stemmer, Georg, Germany
Tadic´, Marko, Croatia
Varadi, Tamas, Hungary
Vetulani, Zygmunt, Poland
Wiggers, Pascal, The Netherlands
Wilks, Yorick, UK
Wołinski, Marcin, Poland
Zakharov, Victor, Russia
VIII Organization
Additional Referees
Agerr, Rodrigo
Fedorov, Yevgen
Gonzalez-Agirre, Aitor
Grzl, Frantisˇek
Hana, Jirka
Hajdinjak, Melita
Hlava´cˇkova´, Dana
Holub, Martin
Jakubı´cˇek, Milosˇ
Otegi, Arantxa
Vesely´, Karel
Veselovska´, Katerˇina
Wang, Xinglong
Waver, Aleksander
Organizing Committee
Alesˇ Hora´k (Co-chair), Ivan Kopecˇek, Karel Pala (Co-chair), Adam Rambousek (Web
System), Pavel Rychly´, Petr Sojka (Proceedings)
Sponsors and Support
The TSD conference is regularly supported by the International Speech Communication
Association (ISCA). We would like to express our thanks to the Lexical Computing Ltd.
and IBM ˇCeska´ republika, spol. s r. o. for their kind sponsoring contribution to TSD
2014.
Table of Contents
Invited Papers
An Information Extraction Customizer . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 3
Ralph Grishman and Yifan He
Entailment Graphs for Text Analytics in the Excitement Project . . . . . . . . . . . . . 11
Bernardo Magnini, Ido Dagan, Gu¨nter Neumann, and
Sebastian Pado
Multi-lingual Text Leveling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 19
Salim Roukos, Jerome Quin, and Todd Ward
Text
SuMACC Project’s Corpus: A Topic-Based Query Extension Approach to
Retrieve Multimedia Documents . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29
Mohamed Morchid, Richard Dufour, Usman Niaz, Francis Bouvier,
Cle´ment de Groc, Claude de Loupy, Georges Linare`s,
Bernard Merialdo, and Bertrand Peralta
Empiric Introduction to Light Stochastic Binarization . . . . . . . . . . . . . . . . . . . . . 37
Daniel Devatman Hromada
Comparative Study Concerning the Role of Surface Morphological Features
in the Induction of Part-of-Speech Categories . . . . . . . . . . . . . . . . . . . . . . . . . . . 46
Daniel Devatman Hromada
Automatic Adaptation of Author’s Stylometric Features to Document Types . . . 53
Jan Rygl
Detecting Commas in Slovak Legal Texts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 62
Ro´bert Sabo and ˇStefan Benˇusˇ
Detection and Classification of Events in Hungarian Natural Language
Texts . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68
Zolta´n Subecz
Generating Underspecified Descriptions of Landmark Objects . . . . . . . . . . . . . . 76
Ivandre´ Paraboni, Alan K. Yamasaki, Adriano S.R. da Silva, and
Caio V.M. Teixeira
A Topic Model Scoring Approach for Personalized QA Systems . . . . . . . . . . . . 84
Hamidreza Chinaei, Luc Lamontagne, Franc¸ois Laviolette, and
Richard Khoury
X Table of Contents
Feature Exploration for Authorship Attribution of Lithuanian Parliamentary
Speeches . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93
Jurgita Kapocˇiu¯te˙-Dzikiene˙, Andrius Utka, and Ligita ˇSarkute˙
Processing of Quantitative Expressions with Measurement Units in
the Nominative, Genitive, and Accusative Cases for Belarusian and
Russian . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101
Yury Hetsevich and Alena Skopinava
Document Classification with Deep Rectifier Neural Networks and
Probabilistic Sampling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108
Tama´s Gro´sz and Istva´n Nagy T.
Language Independent Evaluation of Translation Style and Consistency:
Comparing Human and Machine Translations of Camus’ Novel
“The Stranger” . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116
Mahmoud El-Haj, Paul Rayson, and David Hall
Bengali Named Entity Recognition Using Margin Infused Relaxed
Algorithm . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125
Somnath Banerjee, Sudip Kumar Naskar, and Sivaji Bandyopadhyay
Score Normalization Methods Applied to Topic Identification . . . . . . . . . . . . . . 133
Lucie Skorkovska´ and Zbyneˇk Zajı´c
Disambiguation of Japanese Onomatopoeias Using Nouns and Verbs . . . . . . . . 141
Hironori Fukushima, Kenji Araki, and Yuzu Uchida
Continuous Distributed Representations of Words as Input of LSTM Network
Language Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150
Daniel Soutner and Ludeˇk Mu¨ller
NERC-fr: Supervised Named Entity Recognition for French . . . . . . . . . . . . . . . 158
Andoni Azpeitia, Montse Cuadros, Sea´n Gaines, and German Rigau
Semantic Classes and Relevant Domains on WSD . . . . . . . . . . . . . . . . . . . . . . . 166
Rube´n Izquierdo, Sonia Va´zquez, and Andre´s Montoyo
An MLU Estimation Method for Hungarian Transcripts . . . . . . . . . . . . . . . . . . . 173
Gyo¨rgy Orosz and Kinga Ma´tyus
Using Verb-Noun Patterns to Detect Process Inputs . . . . . . . . . . . . . . . . . . . . . . . 181
Munshi Asadullah, Damien Nouvel, and Patrick Paroubek
Divergences in the Usage of Discourse Markers in English and Mandarin
Chinese . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 189
David Steele and Lucia Specia
Table of Contents XI
Sentence Similarity by Combining Explicit Semantic Analysis and
Overlapping N-Grams . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 201
Hai Hieu Vu, Jeanne Villaneau, Farida Saı¨d, and
Pierre-Franc¸ois Marteau
Incorporating Language Patterns and Domain Knowledge into Feature-
Opinion Extraction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 209
Erqiang Zhou, Xi Luo, and Zhiguang Qin
BFQA: A Bengali Factoid Question Answering System . . . . . . . . . . . . . . . . . . . 217
Somnath Banerjee, Sudip Kumar Naskar, and Sivaji Bandyopadhyay
Dictionary-Based Problem Phrase Extraction from User Reviews . . . . . . . . . . . 225
Valery Solovyev and Vladimir Ivanov
RelANE: Discovering Relations between Arabic Named Entities . . . . . . . . . . . . 233
Ines Boujelben, Salma Jamoussi, and Abdelmajid Ben Hamadou
Building an Arabic Linguistic Resource from a Treebank:
The Case of Property Grammar . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 240
Raja Bensalem Bahloul, Marwa Elkarwi, Kais Haddar, and
Philippe Blache
Aranea: Yet Another Family of (Comparable) Web Corpora . . . . . . . . . . . . . . . . 247
Vladimı´r Benko
Towards a Unified Exploitation of Electronic Dialectal Corpora: Problems
and Perspectives . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 257
Nikitas N. Karanikolas, Eleni Galiotou, and Angela Ralli
Named Entity Recognition for Highly Inflectional Languages:
Effects of Various Lemmatization and Stemming Approaches . . . . . . . . . . . . . . 267
Michal Konkol and Miloslav Konopı´k
An Experiment with Theme–Rheme Identification . . . . . . . . . . . . . . . . . . . . . . . 275
Karel Pala and Ondrˇej Svoboda
Self Training Wrapper Induction with Linked Data . . . . . . . . . . . . . . . . . . . . . . . 285
Anna Lisa Gentile, Ziqi Zhang, and Fabio Ciravegna
Paraphrase and Textual Entailment Generation . . . . . . . . . . . . . . . . . . . . . . . . . . 293
Zuzana Neveˇrˇilova´
Clustering in a News Corpus . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 301
Richard Elling Moe
Partial Grammar Checking for Czech Using the SET Parser . . . . . . . . . . . . . . . . 308
Vojteˇch Kova´rˇ
XII Table of Contents
Russian Learner Translator Corpus: Design, Research Potential and
Applications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 315
Andrey Kutuzov and Maria Kunilovskaya
Development of a Semantic and Syntactic Model of Natural Language by
Means of Non-negative Matrix and Tensor Factorization . . . . . . . . . . . . . . . . . . 324
Anatoly Anisimov, Oleksandr Marchenko, Volodymyr Taranukha, and
Taras Vozniuk
Partial Measure of Semantic Relatedness Based on the Local Feature
Selection . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 336
Maciej Piasecki and Michał Wendelberger
A Method for Parallel Non-negative Sparse Large Matrix
Factorization . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 344
Anatoly Anisimov, Oleksandr Marchenko, Emil Nasirov, and
Stepan Palamarchuk
Using Graph Transformation Algorithms to Generate Natural Language
Equivalents of Icons Expressing Medical Concepts . . . . . . . . . . . . . . . . . . . . . . . 353
Pascal Vaillant and Jean-Baptiste Lamy
Speech
GMM Classification of Text-to-Speech Synthesis: Identification of Original
Speaker’s Voice . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 365
Jirˇı´ Prˇibil, Anna Prˇibilova´, and Jindrˇich Matousˇek
Phonation and Articulation Analysis of Spanish Vowels for Automatic
Detection of Parkinson’s Disease . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 374
Juan Rafael Orozco-Arroyave, Elkyn Alexander Belalca´zar-Bolan˜os,
Julia´n David Arias-London˜o, Jesu´s Francisco Vargas-Bonilla,
Tino Haderlein, and Elmar No¨th
Speaker Identification by Combining Various Vocal Tract and Vocal Source
Features . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 382
Yuta Kawakami, Longbiao Wang, Atsuhiko Kai, and
Seiichi Nakagawa
Inter-Annotator Agreement on Spontaneous Czech Language: Limits of
Automatic Speech Recognition Accuracy . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 390
Toma´sˇ Valenta, Lubosˇ ˇSmı´dl, Jan ˇSvec, and Daniel Soutner
Minimum Text Corpus Selection for Limited Domain Speech
Synthesis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 398
Marke´ta Ju˚zova´ and Daniel Tihelka
Table of Contents XIII
Tuning Limited Domain Speech Synthesis Using General Text-to-Speech
System . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 408
Marke´ta Ju˚zova´ and Daniel Tihelka
Study on Phrases Used for Semi-automatic Text-Based Speakers’ Names
Extraction in the Czech Radio Broadcasts News . . . . . . . . . . . . . . . . . . . . . . . . . 416
Michaela Kucharˇova´, Svatava ˇSkodova´, Ladislav ˇSeps, and
Marek Boha´cˇ
Development of a Large Spontaneous Speech Database of Agglutinative
Hungarian Language . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 424
Tilda Neuberger, Dorottya Gyarmathy, Tekla Etelka Gra´czi,
Vikto´ria Horva´th, Ma´ria Go´sy, and Andra´s Beke
Unit Selection Cost Function Exploration Using an A* Based Text-to-Speech
System . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 432
David Guennec and Damien Lolive
LIUM and CRIM ASR System Combination for the REPERE Evaluation
Campaign . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 441
Anthony Rousseau, Gilles Boulianne, Paul Dele´glise,
Yannick Este`ve, Vishwa Gupta, and Sylvain Meignier
Anti-Models: An Alternative Way to Discriminative Training . . . . . . . . . . . . . . . 449
Jan Vaneˇk and Josef Psutka
Modelling F0 Dynamics in Unit Selection Based Speech Synthesis . . . . . . . . . . 457
Daniel Tihelka, Jindrˇich Matousˇek, and Zdeneˇk Hanzlı´cˇek
Audio-Video Speaker Diarization for Unsupervised Speaker and Face Model
Creation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 465
Pavel Campr, Marie Kunesˇova´, Jan Vaneˇk, Jan ˇCech, and
Josef Psutka
Improving a Long Audio Aligner through Phone-Relatedness Matrices for
English, Spanish and Basque . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 473
Aitor ´Alvarez, Pablo Ruiz, and Haritz Arzelus
Initial Experiments on Automatic Correction of Prosodic Annotation of Large
Speech Corpora . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 481
Zdeneˇk Hanzlı´cˇek and Martin Gru˚ber
Automatic Speech Recognition Texts Clustering . . . . . . . . . . . . . . . . . . . . . . . . . 489
Svetlana Popova, Ivan Khodyrev, Irina Ponomareva, and
Tatiana Krivosheeva
Impact of Irregular Pronunciation on Phonetic Segmentation of Nijmegen
Corpus of Casual Czech . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 499
Petr Mizera, Petr Pollak, Alice Kolman, and Mirjam Ernestus
XIV Table of Contents
Parametric Speech Coding Framework for Voice Conversion Based on Mixed
Excitation Model . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 507
Michał Lenarczyk
Captioning of Live TV Commentaries from the Olympic Games in Sochi:
Some Interesting Insights . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 515
Josef V. Psutka, Alesˇ Prazˇa´k, Josef Psutka, and Vlasta Radova´
Language Resources and Evaluation for the Support of the Greek Language
in the MARY Text-to-Speech . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 523
Pepi Stavropoulou, Dimitrios Tsonos, and Georgios Kouroupetroglou
Intelligibility Assessment of the De-Identified Speech Obtained Using
Phoneme Recognition and Speech Synthesis Systems . . . . . . . . . . . . . . . . . . . . . 529
Tadej Justin, France Mihelicˇ, and Simon Dobrisˇek
Dialogue
Referring Expression Generation: Taking Speakers’ Preferences into
Account . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 539
Thiago Castro Ferreira and Ivandre´ Paraboni
Visualization of Intelligibility Measured by Language-Independent Features . . . 547
Tino Haderlein, Catherine Middag, Andreas Maier,
Jean-Pierre Martens, Michael Do¨llinger, and Elmar No¨th
Using Suprasegmental Information in Recognized Speech Punctuation
Completion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 555
Marek Boha´cˇ and Karel Blavka
Two-Layer Semantic Entity Detection and Utterance Validation for Spoken
Dialogue Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 563
Adam Chy´lek, Jan ˇSvec, and Lubosˇ ˇSmı´dl
Ontology Based Strategies for Supporting Communication within Social
Networks . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 571
Ivan Kopecˇek, Radek Osˇlejsˇek, and Jaromı´r Plha´k
A Factored Discriminative Spoken Language Understanding for Spoken
Dialogue Systems . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 579
Filip Jurcˇı´cˇek, Ondrˇej Dusˇek, and Ondrˇej Pla´tek
Alex: A Statistical Dialogue Systems Framework . . . . . . . . . . . . . . . . . . . . . . . . 587
Filip Jurcˇı´cˇek, Ondrˇej Dusˇek, Ondrˇej Pla´tek, and Luka´sˇ ˇZilka
Table of Contents XV
Speech Synthesis and Uncanny Valley . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 595
Jan Romportl
Integration of an On-line Kaldi Speech Recogniser to the Alex Dialogue
Systems Framework . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 603
Ondrˇej Pla´tek and Filip Jurcˇı´cˇek
Author Index . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 611
Document Classiﬁcation
with Deep Rectiﬁer Neural Networks
and Probabilistic Sampling
Tamás Grósz and István Nagy T.
Department of Informatics, University of Szeged, Hungary
{groszt,nistvan}@inf.u-szeged.hu
Abstract. Deep learning is regarded by some as one of the most important
technological breakthroughs of this decade. In recent years it has been shown
that using rectiﬁed neurons, one can match or surpass the performance achieved
using hyperbolic tangent or sigmoid neurons, especially in deep networks. With
rectiﬁed neurons we can readily create sparse representations, which seems
especially suitable for naturally sparse data like the bag of words representation
of documents. To test this, here we study the performance of deep rectiﬁer
networks in the document classiﬁcation task. Like most machine learning
algorithms, deep rectiﬁer nets are sensitive to class imbalances, which is quite
common in document classiﬁcation. To remedy this situation we will examine
the training scheme called probabilistic sampling, and show that it can improve
the performance of deep rectiﬁer networks. Our results demonstrate that deep
rectiﬁer networks generally outperform other typical learning algorithms in the
task of document classiﬁcation.
Keywords: deep rectiﬁer neural networks, document classiﬁcation, probabilistic
sampling.
1 Introduction
Ever since the invention of deep neural nets (DNN), there has been a renewed interest in
applying neural networks (ANNs) to various tasks. The application of a deep structure
has been shown to provide signiﬁcant improvements in speech [5], image [7], and
other [11] recognition tasks. As the name suggests, deep neural networks differ from
conventional ones in that they consist of several hidden layers, while conventional
shallow ANN classiﬁers work with only one hidden layer. To properly train these multi-
layered feedforward networks, the training algorithm requires modiﬁcations as the
conventional backpropagation algorithm encounters difﬁculties (“vanishing gradient”
and “explaining away” effects). In this case the “vanishing gradient” effect means that
the error might vanish as it gets propagated back through the hidden layers [1]. In
this way some hidden layers, in particular those that are close to the input layer, may
fail to learn during training. At the same time, in fully connected deep networks, the
“explaining away” effects make inference extremely difﬁcult in practice [6].
As a solution, Hinton et al. presented an unsupervised pre-training algorithm [6]
and evaluated it for an image recognition task. After the pre-training of the DNN,
P. Sojka et al. (Eds.): TSD 2014, LNAI 8655, pp. 108–115, 2014.
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Fig. 1. The rectiﬁer activation function and the commonly used activation functions in the neural
networks, namely the logistic sigmoid and hyperbolic tangent (tanh)
the backpropagation algorithm can ﬁnd a much better local optimum of the weights.
Based on their new technique, a lot of effort has gone into trying to scale up deep
networks in order to train them with much larger datasets. The main problem with
Hinton’s pre-training algorithm is the high computational cost. This is the case even
when the implementation utilizes graphic processors (GPUs). Several solutions [4,10,2]
have since been proposed to alleviate or circumvent the computational burden and
complexity of pre-training, one of them being deep rectiﬁer neural networks [2].
Deep Rectiﬁer Neural Networks (DRNs) modify the neurons in the network and
not the training algorithm. Owing to the properties of rectiﬁed linear units, the DRNs
do not require any pre-training to achieve good results [2]. These rectiﬁed neurons
differ from standard neurons only in their activation function, as they apply the rectiﬁer
function (max(0, x)) instead of the sigmoid or hyperbolic tangent activation. With
rectiﬁed neurons we can readily create sparse representations with true zeros, which
seem well suited for naturally sparse data [2]. This suggests that they can be used in
document classiﬁcation, say, where the bag of words representation of documents might
be extremely sparse [2]. Here, we will see how well DRNs perform in the document
classiﬁcation task and compare their effectiveness with previously used successful
methods. To address the problem of unevenly distributed data, we combine the training
of DRNs and ANNs with a probabilistic sampling method, in order to improve their
overall results.
2 Deep Rectiﬁer Neural Networks
Rectiﬁed neural units were recently applied with success in standard neural networks,
and they were also found to improve the performance of Deep Neural Networks on
tasks like image recognition and speech recognition. These rectiﬁed neurons apply
the rectiﬁer function (max(0, x)) as the activation function instead of the sigmoid or
hyperbolic tangent activation. As Figure 1 shows, the rectiﬁer function is one-sided,
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hence it does not enforce a sign symmetry or antisymmetry. Here, we will examine the
two key properties of this one-sided function, namely its hard saturation at 0 and its
linear behaviour for positive input.
The hard saturation for negative input means that only a subset of neurons will be
active in each hidden layer. For example, when we initialize the weights uniformly,
around half of the hidden units output are real zeros. This allows rectiﬁed neurons to
achieve truly sparse representations of the data. In theory, this hard saturation at 0 could
harm optimization by blocking gradient back-propagation. Fortunately, experimental
results do not support this opinion, suggesting that hard zeros can actually help
supervised training. These results show that the hard non-linearities do no harm as long
as the gradient can propagate along some path [2].
For a given input, the computation is linear on the subset of active neurons. Once
the active neurons have been selected, the output is a linear combination of their input.
This is why we can treat the model as an exponential number of linear models that
share parameters. Based on this linearity, there is no vanishing gradient effect [2], and
the gradient can propagate through the active neurons. Another advantage of this linear
behaviour is the smaller computational cost: there is no need to compute the exponential
function during the activation, and the sparsity can also be exploited. A disadvantage of
the linearity property is the “exploding gradient” effect, when the gradients can grow
without limit. To prevent this, we applied L1 normalization by scaling the weights such
that the L1 norm of each layer’s weights remained the same as it was after initialization.
What makes this possible is that for a given input the subset of active neurons behaves
linearly, so a scaling of the weights is equivalent to a scaling of the activations.
Overall, we see that Deep Rectiﬁer Neural Networks use rectiﬁed neurons as hidden
neurons. Owing to this, they can outperform pre-trained sigmoid deep neural networks
without the need for any pre-training.
3 Probabilistic Sampling
Most machine learning algorithms – including deep rectiﬁer nets – are sensitive to
class imbalances in the training data. DRNs tend to behave inaccurately on classes
represented by only a few examples, which is sometimes the case in document
classiﬁcation. To remedy this problem, we will examine the training scheme called
probabilistic sampling [12].
When one of the classes is over-represented during training, it might cause that the
network will favour that output and label everything as the most frequent class. To avoid
this, it is necessary to balance the class distribution by presenting more examples taken
from the rarer classes to the learner. If we have no way of generating additional samples
from any class, then resampling is simulated by repeating some of the samples of the
rarer classes.
Probabilistic sampling is a simple two-step sampling scheme: ﬁrst we select a class,
and then randomly pick a training sample from the samples belonging to this class.
Selecting a class can be viewed as sampling from a multinomial distribution after we
assign a probability to each class. That is,
P(ck) = λ 1K + (1− λ)Prior(ck), (1)
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where Prior(ck) is the prior possibility of class ck , K is the number of classes and
λ ∈ 0, 1 is a parameter. If λ is 1, then we get a uniform distribution over the classes;
and with λ = 0 we get the original class distribution.
4 Experimential Setup
In our experiments, the Reuters-21,578 dataset was used as our training and testing sam-
ple set. This corpus contains 21,578 documents collected from the Reuters newswire,
but here just the 10 most frequent categories were taken from the 135. For each cat-
egory, 30% of the documents were randomly selected as test documents and the rest
were employed as the training sets. In the evaluation phase, one category was employed
as the positive class, and the other nine categories were lumped together and treated
as the negative class; and each category played the role of the positive class just once.
The documents were represented in a tf-idf weighted vector space model, where the
stopwords and numeric characters were ignored.
4.1 Baseline Methods
In order to compare the performance of our method with that for the other machine
learning algorithms, we also evaluated some well-known machine learning methods on
our test sets.
First, we applied C4.5, which is based on the well-known ID3 decision tree learning
algorithm [9]. This machine learningmethodwas a fast learner as it applied axis-parallel
hyperplanes during the classiﬁcation. We trained the J48 classiﬁer of the WEKA
package [3], which implements the decision tree algorithm C4.5. Decision trees were
built that had at least two instances per leaf, and used pruning with subtree raising and
a conﬁdence factor of 0.25.
Support Vector Machines (SVM) [13] were also applied. SVM is a linear function
having the form f (x) = wt x+b, wherew is the weight vector, x is the input vector and
wt x denotes the inner product. SVM is based on the idea of selecting the hyperplane
that separates the space (between the positive and negative classes) while maximizing
the smallest margin. In our experiments we utilized LibSVM1 and the Weka SMO
implementation.
4.2 Neural Network Parameters
For validation purposes, a random 10% of the training vectors were selected before
training. Our deep networks consisted of three hidden layers and each hidden layer
had 1,000 rectiﬁed neurons, as DRNs with this structure yielded the best results on the
development sets. The shallow neural net was a sigmoid net with one hidden layer, with
the same number of hidden neurons (3,000) as that for the deep one.
1 http://www.csie.ntu.edu.tw/~cjlin/libsvm/
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Table 1. The F-score results got from applying different machine learning algorithms (DRN:
Deep Rectiﬁer Network, ANN: Shallow Neural Network, SMO, LibSVM: Support Vector
Machine, J48: Decision Tree) on the Reuters Top 10 classes
Task DRN ANN SMO LibSVM J48
ship 88.20 87.12 87.65 88.61 83.15
grain 96.40 95.11 94.77 93.1 95
money-fx 93.52 94.06 88.56 78 86.13
corn 83.22 76.80 86.9 78.12 91.78
trade 95.74 93.38 94.41 91.04 85.52
crude 94.62 91.21 91.23 90.63 86.36
earn 98.74 98.31 98.46 98.52 96.43
wheat 87.12 81.97 92.49 86.42 91.86
acq 97.54 97.13 96.76 96.86 91.83
interest 94.46 96.00 89.96 77.25 82.71
micro-avg 96.22 95.42 92.18 87.64 87.86
The output layer for both the shallow and the deep rectiﬁer nets was a softmax layer
with 2 neurons – one for the positive class and one for the negative class. The softmax
activation function we employed was
softmax(yi ) = e
yi
�K
j=1 eyj
, (2)
where yi is the i th element of the unnormalised output vector y. After applying the
softmax function on the output, we simply select the output neuron with the maximal
output value, and this gives us the classiﬁcation of the input vector. For the error
function, we applied the cross entropy function.
Regularization is vital for good performancewith neural networks, as their ﬂexibility
makes them prone to overﬁtting. Two regularization methods were used in our study,
namely early stopping and weight decay. Early stopping regularization means that the
training is halted when there is no improvement in two subsequent iterations on the
validation set. The weight decay causes the weights to converge to smaller absolute
values than they otherwise would.
The DRNs were trained using semi-batch backpropagation, the batch size being 10.
The initial learn rate was set to 0.04 and held ﬁxed while the error on the development
set kept decreasing. Afterwards, if the error rate did not decrease in the given iteration,
then the learn rate was subsequently halved. The λ parameter of the probabilistic
sampling was set to 1, which means that we sampled from a uniform class distribution.
5 Results
Table 1 lists the overall performancewe got from training the differentmachine learning
methods on the Reuters dataset. Here, F-scores were used to measure the effectiveness
of the various classiﬁers and we applied the micro-average method [8] to calculate an
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Table 2. Neural networks results got with and without probabilistic sampling (P.S.), on the three
most unbalanced tasks
ship corn wheat
Method F-score Prec. Recall F-score Prec. Recall F-score Prec. Recall
DRN 88.20 94.67 82.56 83.22 80.52 86.11 87.12 93.42 81.61
DRN+ P.S. 90.48 92.68 88.37 87.50 87.50 87.50 89.89 87.91 91.95
ANN 87.12 92.21 82.56 76.80 90.57 66.67 81.97 78.13 86.21
ANN+ P.S. 90.36 93.75 87.21 85.29 90.63 80.56 85.56 80.00 91.95
overall F-score. Micro-averaging pools per-document decisions across classes, and then
computes an effectiveness measure on the pooled contingency table.
As can be seen, the DRN method outperformed the other methods in general, but
it performed poorly (F-score below 90) on three classes. From among the baseline
algorithms, the best one was the SMO, with a micro-average score of 92.18. Compared
to the other two baseline methods, which yielded approximately the same micro-
average score, the SMO achieved a better overall score of 4.5. To make a sense of
the relative effectiveness of the neural nets, we decided to compare their perfomance
with that for the SMO – the best one of the baseline methods. The micro-average score
of the DRN is 96.22, which is 4.04 higher than that for the SMO. The ANN achieved
an average F-score of 95.42, which is 3.24 higher than that for the micro-average score
of the SMO. This means that the average effectiveness of DRNs is competitive with
classiﬁers like SVMs and decision trees. However, on small classes (‘ship’, ‘corn’ and
‘wheat’), which were represented with fewer than 200 positive examples in the training
set, DRNs and ANNs performed much worse. Interestingly, on these rare classes the
baseline algorithms performed quite differently. On the ‘ship’ class LibSVM yielded
the best result, but on the ‘corn’ class J48 was the best and for the ‘wheat’ class the
SMO achieved the best result.
Next, we investigated the three tasks on which the neural networks approach was
outperformed by the other methods. These tasks were the most under-represented
classes, so to improve the results we applied probabilistic sampling. In Table 2, we
see the improvements got for the deep and the shallow networks after applying it. For
the DRNs, the improvement was 3.11 on average, while for the ANNs it was 5.1; but
the DRNs yielded better results for all three classes.
With probabilistic sampling, DRNs outperformed LibSVM on all three tasks, and
the SMO was better only on the ’wheat’ class. The J48 results were still better on the
’corn’ and the ’wheat’ classes, but the DRNs performed much better on the other eight
classes.
6 Discussion
Deep Rectiﬁer Neural Networks outperformed our baseline algorithms, which probably
tells us that they are suitable for document classiﬁcation tasks. However, they face
difﬁculties when some of the classes are underrepresented.
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The results of our experiment show that probabilistic sampling greatly improves the
F-scores for the DRNs and the ANNs on the underrepresented classes. To understand
precisely how probabilistic sampling helps the training of neural networks on these
classes, we investigated the effects it produced. The most important one is that after
probabilistic sampling balanced the distribution of positive and negative examples,
the recall values increased here. The reason behind this is quite simple: the neural
networks get more positive examples during training. As the neural nets get more
positive samples, the proportion of negative samples decrease. This sometimes caused a
drop in the precision score. However this reduction was much smaller than the increase
in the recall score, as the negative samples were still well represented.
Comparing the results of the DRNs with those got using ANNs, we can say
that the DRNs are not only better but their training and evaluation phases are
faster too. To support this opinion, we should mention that the shallow sigmoid
network had approximately 1.5 times more parameters. The ANN had 2,000×3,000
connections between input units and hidden units and 3,000×2 weights for the output
layer, while the DRN had only 2,000×1,000 input-hidden, 1,000×2 hidden-output,
and 2×1,000×1,000 hidden-hidden connections. Thanks to the greater number of
parameters, ANNs were able to learn a better model for the ‘money-fx’ and ‘interest’
classes. On the other eight classes, the DRNs yielded better results, and this suggests
that deep structures are better than shallow ones, for the tasks described earlier.
7 Conclusions
In this paper, we applied deep sparse rectiﬁer neural nets to the Reuters document clas-
siﬁcation task. Overall, our results tell us that these DRNs can easily outperform SVMs
and decision trees if the class distribution is reasonably balanced.With extremely unbal-
anced data, we showed that probabilistic sampling generally improves the performance
of neural networks.
In the future, we would like to investigate a semi-supervised training method for
DRNs, so they could be applied on such tasks where we have only a small number of
labelled examples and a large amount of unlabelled data.
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